, waga@brain.kyutech.ac.jp 6 An extensive variety of wellbeing frameworks had been introduced in modern vehicles a decade ago. Traction control, auto-braking, and anti-sleep systems are significant innovations that are presumed to be superior over human reaction. However, accident rates in Malaysia have yet to be fully reduced. In fact, in 2013, nearly one million enlisted vehicles were involved in road accidents, with damages reaching over RM9.3 billion. Meanwhile, a car is a system that encompasses the road, the vehicle, and the driver. At present, roads and vehicles have gained immense stability, but the driver remains as the most fragile component of this system. Electrodermal activity (EDA) was used in this study to investigate stress and anger as primary emotions leading to possible accidents involving the driver. A simulated driving assignment with preset neutral, stress, and anger scenarios was developed for emotional stimulation. A total of 20 subjects were included in this experiment. Acquired EDA signals were bandpass-filtered at 0.5 Hz to 2 Hz and subjected to short-time Fourier transform. Then, their mean, median, and variance of power spectral density were extracted. The parameters obtained were statistically analyzed with two-sample f-test. EDA readings from drivers demonstrated significant differences among neutral-stress, neutral-anger, and stress-anger simulated driving scenarios. The dataset was also divided into two groups (10-10) for training and testing of support vector machine classifier at 10-fold cross-validation. The classification accuracy was 85% each for neutral-stress and neutral-anger and 70% for stress-anger.
I. INTRODUCTION
Road crash is the eighth leading cause of death worldwide and is the leading cause of death in youngsters aged 15-29 years [1] . The causes include inferior road condition, lack of adequate laws that address accident risk factors (e.g., speed, drunk driving, seat belts, child restraints), and limitations of active safety systems [1] [2] .
Active safety systems range from active accident avoidance frameworks, which override the control of drivers when road crash is likely to occur (e.g., traction control system that anticipates loss of grasping force resulting from road surface condition or auto-braking mechanism that stops vehicle immediately before front-or rear-end collision) to passive assisting systems that assist drivers in tasks other than driving (e.g., voice command that aids in controlling invehicle information system). These systems are remarkable innovations designed with vast chronicles of algorithmic acknowledgement, which are superior to human reaction.
However, road accident rates have yet to be fully reduced. The World Health Organization (WHO) reported an overall reduction in fatal road accidents in 2009 compared with 2013 despite the 15% increase in the number of registered vehicles. Every year, 20-50 million non-fatal injuries and 1.24 million fatal accidents have occurred on roads worldwide [1] . In Malaysia, a total of 777,817 out of 22,702,211 enlisted vehicles have been involved in road accidents, with damages amounting to more than RM9.3 billion [3] [4] . Therefore, reexamining accident sources and prevention methods is imperative.
The car encompasses a system involving the road, the vehicle, and the drivers. Studies have already contributed to the stability of roads and vehicles. However, the driver remains the most fragile element in this system. Thus, current research should focus on monitoring drivers' emotions, which influence their driving conduct.
Emotions comprise a broad phenomenon that is difficult to define owing to differences in perspectives. Emotion incorporates mental and physical sensations combined with thoughts; these may be caused by thoughts themselves [5] .
Some emotions may lead to avoidance or approach behavior. Avoidance behavior is mostly accompanied by negative emotions (anger), whereas approach behavior is accompanied by positive emotions (happiness).
The emotions of drivers directly influence their driving behavior; thus, such emotions are closely related to road safety. The ability to understand and monitor the emotions of drivers aids in the promotion of better driving ethics as well as the development of emotion-based accident prevention systems. Past research have shown that fatigue or drowsiness, anger, and stress driving are all highly correlated with road crash [6] [7] [8] . The present research only focuses on stress and anger, because a recognition device for drowsiness has already been introduced [9] .
Visual, speech, and biopotential signals (biosignals) are preferred approaches in recognizing human emotions. Visual recognition is a noteworthy approach for recognizing emotions by decoding facial expressions. Although such an approachhas been proven effective and efficient, its performance level could decline because of improper camera positioning, presence of environmental patterns (illumination), and facial artifacts [10] . Speech recognition lacks a global-level acoustic feature to describe the dynamic variation along an utterance [11] , making it unfavorable for real-world applications. By contrast, the biosignal approach is believed to be a more neutral method for studying emotions, because biosignals directly reflect nervous system activities, even though facial expression and verbal response may be suppressed [12] .
Electrodermal activity (EDA), which measures skin conductance, appears to be the most credible among the various biosignals for measuring stress and anger in a vehicle environment. This approach measures signals from the palm, which allows electrodes to be positioned behind the steering wheel; therefore, it does not interfere with driving activity. Sustained activity measured by EDA is known as skin conductance level (SCL), whereas transient activity is called skin conductance response (SCR). SCL reaction is measured by the changes over a long period of time, whereas SCR measures skin resistance changes over a short period.
The cerebral limbic system, which consists of the hippocampus, amygdala, and cingulate gyrus, is part of the sympathetic nervous system. Studies have proven that this organ responds when a person is attentive, thus indicating a relationship with emotion. Sweat glands similarly convey sympathetic nervous system information, which is useful for emotion recognition [13] . The current study aimed to identify the emotion of drivers during simulated driving scenarios (neutral, stress, and anger).
II. METHODS

A. Subjects
A total of 20 healthy subjects (16 males and 4 females), aged between 19-30 years (22.83 ± 2.54, mean ± standard deviation), were enrolled in this study. The study protocol was approved by the Ethics Committee for Research Involving Human Subjects, Universiti Putra Malaysia. Each subject was informed of the experimental protocol in both written and oral forms, specifically the study objective, experimental procedure, potential hazards, and their right to terminate the experiment. A signed informed consent was obtained from each subject before the study. Subjects were instructed to fill in a questionnaire for driving scenario evaluation at the end of the experiment.
B. Materials and Apparatus
EDA signals were recorded at 960 Hz with BioRadio 150 by Great Lakes NeuroTechnologies. Sensors consisting of two-banded silver chloride electrodes were attached to the index and middle finger distal phalanges of the drivers for signal acquisition. The contact sites for both electrodes and the palms of the drivers were cleaned with alcohol swab before attaching the electrodes to minimize initial skin impedance.
C. Experimental Design
A driving simulator consisting of a driving unit (G25 Logitech steering wheel kit), a large display, and simulation software (Speed Dreams) was utilized for emotion stimulation. Driving scenarios were configured to stimulate three investigated emotions: neutral, stress, and anger. The neutral scenario consists of casual driving at a speed of 80 km/h on a circular roadway with a wide road and good vision [14] . The stress scenario consists of a snowy mountain track with a narrow road and poor vision, presumed to trigger sudden turning, leading to vehicle drifting and impact [8] [14] [15] [16] . Finally, the anger scenario requires the driver to complete a designated driving task within a time limit. This task was performed along with four artificial intelligence contestants, with the aim of triggering aggressive road events, such as tailgating, sudden overtaking, and reckless driving [17] [18] . To further trigger driving anger, the subjects were also informed that deductions would be made to their reward money if they failed to accomplish the driving task within the time frame; the full amount was still given at the end of experiment [19] .
Subjects were initially provided with 3 min of training to familiarize themselves with the driving unit controls. Each subject was associated with three sets of driving tasks, where each set begins with 2 min of rest, 5 min of driving, and 2 min of recovery period [20] [21] . The entire experiment lasted approximately 50 min, including the time for equipment and apparatus setup. Fig. 1 shows an experiment snapshot. 
D. Biosignal Processing
Hand movements, such as wheel steering, are essential in driving; these may contribute artifacts and affect sensor readings. Grid noise from power sources of surrounding electrical devices could also affect signal quality. EDA signals do not contain high-frequency components; thus, artifacts can be easily removed by applying 0.5 Hz to 2 Hz equiripple bandpass filter.
Previous studies have used time-domain signal features, such as sum of peak, number of peak, signal latency, or frequency-domain analysis (e.g., Fourier transform) for power spectral density (PSD) analysis [22] [23] . However, these methods have a limitation in that they fail to provide simultaneous time and frequency localization. Previous observations have shown that bandpass-filtered EDA signals possess frequency contents that change over time when drivers perform simulated driving tasks. Thus, time-frequency representation of EDA has better recognition characteristics. Discrete-time short-time Fourier transform (STFT) was used in this study.
EDA recordings for 1 min of simulated driving task were extracted from all three scenarios for the 20 subjects. Discretetime STFT took place at 4 s per frame, with no overlapping and 0.0125 Hz frequency step.
The mean EDA PSD values of neutral-stress, neutralanger, and stress-anger groups were statistically compared with repeated-measure analysis of variance (ANOVA) and Bonferroni post hoc test at 0.05 level of significance. The dataset consisting of only 19 samples was analyzed because an outlier was noted. Multiple assumptions were made prior to the test. First, recorded data must meet the assumption of independence, as the data collection process was performed by random sampling. Second, the dependent variable must be on a continuous scale and meet the assumption for scale of measurement. Third, log transformed mean value must pass the assumption of [24] . 1 indicates that mean PSD values during neutraland stress-driving scenarios have promising skewness and kurtosis readings ranging between −1 and 1. However, data during anger-driving scenario had skewness of −1.054 and kurtosis of 2.449, which were slightly out of range. Nevertheless, Kolmogorov-Smirnov and Shapiro-Wilk tests indicated that all mean readings had a significance level of more than 0.05; thus the mean data for all three scenarios met the assumption of normality. Mauchly's sphericity test showed a 34.1% chance of finding the sphericity deviation in the sample, thus sphericity assumption had been met.
Three properties of EDA PSD, namely, mean, median, and variance, were subsequently extracted for the classification of neutral-stress, neutral-anger, and stress-anger emotions during the simulated driving tasks. Support vector machine (SVM) with 10-fold cross-validation was performed for this two-class classification. The dataset with 10 samples was used for training the classifier to obtain optimal kernel function constraint, whereas the remaining 10 samples were only used for testing. No outliers and dataset were removed prior to the classification. Fig. 2 shows the filtered EDA signals during simulated driving task. As can be seen, EDA measurements have increasing amplitudes for the neutral-, stress-, and angersimulated driving tasks. EDA behaviors during the rest and recovery phases appeared identical as the subjects were not involved in the task, which was associated with mental tension and deep breathing. Three attributes of EDA PSD, namely, mean, median, and variance, were computed to train and test the two-class classifiers for neutral, stress, and anger emotion classifications. The scatter plot of these features in each emotion of all 20 subjects are shown in Fig. 4 . The EDA features during neutral emotion have low mean, median, and variance values and are centered around the origin. The features of stress and anger are dispersed throughout the graph.
III. RESULTS AND DISCUSSION
Classification accuracy of 85% is achieved for neutralstress and neutral-anger emotions, whereas 70% accuracy is achieved for differentiating stress-anger emotion while employing SVM classifier at 10-fold cross-validation.
IV. CONCLUSION
The developed EDA emotion recognition framework can accurately recognize stress and anger from neutral emotion while driver performed a simulated driving task. Significant differences have been obtained between neutral-stress and neutral-anger groups, and classification accuracy is at 85%. An insignificant difference has been observed between stress and anger, and only 70% classification accuracy has been obtained between these groups.
Poor classification accuracy may arise because anger, fear, or stress emotions fall at the same section according to the valence-arousal and pleasant-unpleasant models [20] [25] . Consequently, humans possess similar physiological characteristics during these two emotions, leading to poor classification accuracy. A number of research have also demonstrated that the emotions of drivers differ considerably in vulnerability to disturbance. Therefore, EDA measurements for this experiment are still insufficient in detecting slight physiological changes between anger and stress. 
